Single-cell sequencing (scRNA-seq) is expanding rapidly. Multiple scRNA-seq analysis packages and tools are becoming available. But currently, without advanced programing skills it is difficult to go all the way from raw data to biomarker discovery. Here we present DIscBIO, an open, multi-algorithmic pipeline for easy, fast and efficient analysis of cellular sub-populations and the molecular signatures that characterize them. The pipeline consists of four successive steps: data pre-processing, cellular clustering with pseudo-temporal ordering, defining differential expressed genes and biomarker identification. All the steps are integrated into an interactive notebook where comprehensive explanatory text, code, output data and figures are displayed in a coherent and sequential narrative. Advanced users can fully personalise DIscBIO with new algorithms and outputs. We also provide a user-friendly, cloud version of the notebook that allows non-programmers to efficiently go from raw scRNAseq data to biomarker discovery without the need of downloading any software or packages used in the pipeline. We showcase all pipeline features using a myxoid liposarcoma dataset. • Availability GitHub: https://github.com/SystemsBiologist/PSCAN; Interactive demo on Binder: https://mybinder.org/v2/gh/SystemsBiologist/PSCAN/discbio-pub?filepath=DIscBIO.ipynb" • Contact: salim.ghannoum@medisin.uio.no
Introduction
Single-cell sequencing (scRNA-seq) is a powerful technology that has already shown great potential and it is expanding rapidly [Stegle et al., 2015; . As such, multiple computational tools for scRNA-seq analysis are being developed [Bacher and Kendziorski, 2016] . However, they are typically for programming experts and it is difficult to combine them into userfriendly and comprehensive workflows for non-experienced programmers. Due to the complex concatenation of heterogeneous programs and custom scripts via file-based inputs and outputs, as well as the program dependencies and version requirements, many computational pipelines are difficult to reproduce [Peng RD 2011; Sandve et al., 2013] . Several scRNA-seq pipelines for nonprogrammers have been generated using different platforms and logics [Diaz et al., 2016; DeTomaso D. and Yosef N., 2016; Gardeux et al., 2017; Mitulkumar 2018; Mah et al., 2018] but there is currently no user-friendly and integrated tool that allows biomarker discovery using decision trees and networking analysis directly from single-cell sequencing data. Hence, we developed an open Jupyter notebook called DIscBIO. It integrates in an interactive and sequential narrative, R code with explanatory text and output data and images. While R programmers can fully edit, extend and update the pipeline, we provide a cloud version using Binder [Project Jupyter et al., 2018] that allows users without programming skills to run the pipeline even without installing the programming language R, Jupyter, or any of the software that the pipeline integrates. In order to produce the cloud-hosted Binder version, the repository includes a specification of all the software used, which enables automatic or manual reproduction or modification of the necessary computational environment needed to execute the pipeline on any computational resources . Results reports can easily be generated that include high-quality figures.
Pipeline description
DIscBIO is a multi-algorithmic pipeline for an easy, fast and efficient analysis of cellular subpopulations and the molecular signatures that characterize them. The pipeline consists of four successive steps: 1) data pre-processing; 2) cellular clustering and pseudo-temporal ordering; 3) determining differentially expressed genes (DEGs); and 4) biomarker identification, including decision trees and networking analysis, see Figure 1a . Below we summarize the pipelines sections and algorithms used in the pipeline. Detailed information may also be found in each of the sections of the actual notebook: 1) Data pre-processing. Prior to applying data analysis methods, normalization and gene filtering are used to pre-process the raw read counts resulted from the sequencing. To account for RNA composition and sequencing depth among samples (single-cells), the normalization method "median of ratios" is used. This method makes it possible to compare the normalized counts for each gene equally between samples. Gene filtration is critical due to its dramatic impact on the downstream analysis. The key idea is to appoint the genes that manifest abundant variation across samples. In case the raw data includes ERCC spike-ins, genes will be filtered based on variability in comparison to a noise level estimated from the ERCC spike-ins according to an algorithm developed by Brennecke et al. [Brennecke et al., 2013] , see Figure 1b . In case the raw data does not include ERCC spike-ins, genes will be filtered based on minimum expression in certain number of cells.
2) Cellular clustering and pseudo-temporal ordering. Cellular clustering is performed according to the gene expression profiles to detect cellular sub-population with unique features. This pipeline allows Kmeans clustering using RaceID and model-based clustering [Fraley and Raftery, 2002] . It enables robustness assessment of the detected clusters in terms of stability and consistency using Jaccard's similarity statistics and silhouette coefficients. Additionally, the pipeline allows detecting outliers based on the clustering. Finally, pseudo-temporal ordering is generated to gradually order the cells based on their transcriptional profile, for example to indicate the cellular differentiation degree [Ji Z and Ji H., 2016] . Figures 1c,d ,e and S1, S3 show some possible plots using tSNE, PCA and heatmaps for displaying the clustering results.
3) Determining DEGs. Differentially expressed genes between individual clusters are identified using significance analysis of sequencing data (SAMseq), which is a function for significance analysis of microarrays [Li J and Tibshirani R, 2013] in the samr package v2.0 [Tibshirani et al., 2015] . SAMseq is a non-parametric statistical function dependent on Wilcoxon rank statistic that equalizes the sizes of the library by a resampling method accounting for the various sequencing depths. The analysis is implemented over the pure raw dataset that has the unnormalized expression read counts after excluding the ERCCs. Furthermore, DEGs in each cluster comparing to all the remaining clusters are determined using binomial differential expression, which is based on binomial counting statistics. These DEGs can help characterizing the molecular signatures and tumorigenic capabilities of each cluster leading to developing better therapeutics. Volcano plots are used to visualise the results of differential expression analyses. 4) Identifying biomarkers. There are several methods to identify biomarkers, among them are decision trees and hub detection through networking analysis. To identify protein-protein interactions among DEGs as well as the decision nodes extracted from decision trees, we use STRING [Jensen et al 2009 Nucleic Acids Research] . The outcome is used as an input to check both the connectivity degree and the betweenness centrality, which reflects the communication flow in the defined PPI networks. Figures 1f,g show a decision tree and a network generated with DIscBIO.
Full information of how to use DIscBIO, all the possible options and documentation of the algorithms are included within the notebook.
Case study
To showcase DIscBIO, we analyzed a dataset consisting of single cells from a myxoid liposarcoma cell line. Myxoid liposarcoma is a rare type of tumor driven by specific fusion oncogenes, normally FUS-DDIT3 [Fletcher et al., 2013] , with few other genetic changes [Ståhlberg et al., 2014; Hofvander et al., 2018] . The cells were collected based on their cell cycle phase (G1, S or G2/M), assessed by analyzing their DNA content using Fluorescence Activated Cell Sorter [Karlsson et al., 2017] . Data including ERCC spike-ins, are available in the ArrayExpress database at EMBL-EBI with accession number E-MTAB-6142). After filtering the dataset using the ERCC spike-ins (figure 1b), three clusters were obtained based on model-based clustering (Figure 2b) that match with the sorting made in the original study [Karlsson et al., 2017] . Pseudo-temporal ordering showed a gradual transition between the cells transcription profiles across the 3 clusters. Both the clustering and pseudo-time overlap with the cell cycle phases (supplementary figure S1). Cluster 2 cells, which were ordered in the foreground pseudotemporal ordering (figure 1d), highly express genes involved in regulating proliferation, stemness and the acquisition of chemoresistance in several cancers. The networking analysis outcome (Supplementary table. S2) nominated a panel of 16 hub genes, including CDC20, PLK1, KIF2C, BUB1, AURKB and PTTG1 as potential biomarkers for cluster 2 cells (supplementary figure S3 ). These cells may exhibit aggressive and stem-like properties and further computational investigations should validate these biomarkers candidates. 
